The spatial and temporal distribution of fires depends on climate, vegetation and human 
2
In this study, we evaluate a global aerosol microphysics model against observations of aerosol 3 mass concentrations in addition to AOD to better understand the discrepancy in modelled 4 biomass burning AOD and to ultimately improve estimates of biomass burning aerosol. We 5 also compare three different biomass burning emission inventories to investigate regional 6 differences between emissions and identify the best fit emissions for future modelling studies. 
Observations 9
To evaluate the simulated distribution of PM at the surface, we use long-term in-situ 10 measurements of PM2.5 (particulates with aerodynamic diameters < 2.5 µm) mass 11 concentrations conducted at four ground stations in the Amazon region (Alta Floresta, Porto
12
Velho, Santarem and Manaus). The location and observation period are detailed for each 13 station in Table S1 in the supplementary material. Figure S1 shows the measured PM2.5 14 concentrations at each station between 2003 and 2011, demonstrating the data coverage.
15
The PM2.5 measurements were made using gravimetric filter analysis and the measurement 16 duration ranges from less than 1 day to more than 10 days. Particles were sampled under concentrations at measurement conditions. Uncertainties related to filter handling, sampling 22 and analysis are estimated as 15% of particle mass. Further information on the measurements 23 The global distribution of aerosol was simulated using the 3-D Global Model of Aerosol 
Global aerosol microphysics model
Where A is the area burned at time t and location x, B is the biomass loading at location x, FB 6 is the fraction of that biomass that is burned and ef is the emission factor of species i. Fig. 1f ) are more spatially organised than differences between GFAS1 and GFED3
GFED3 (

14
( Fig. 1d) , which are more spatially heterogeneous.
15
Over Africa, GFED3 gives higher OC emissions in northern tropical savannah and southern
16
humid subtropical regions, with GFAS1 and FINN1 giving higher emissions than GFED3 at 
23
In previous work we carried out a detailed model sensitivity analysis that accounted for the 
11
These results suggest that although the negative model bias in PM2.5 and AOD may be partly of the aerosol. We investigate the sensitivity of simulated AOD to these assumptions below.
19
As described in Sect. 3.2, to calculate AOD at 440 nm we use component-specific refractive 
23
Using the κ-Köhler scheme the water uptake is reduced relative to the ZSR scheme; reducing 24 the simulated AOD on average by a factor of 1.7 at AERONET sites (see Fig. 7 ). This large 25 reduction relative to ZSR is in part from the assumption that the SO 4 2-component behaves as 26 ammonium sulphate rather than the more hygroscopic sulphuric acid, and the reduced water 27 uptake for POM. Therefore, the ZSR and κ-Köhler AOD can be considered high and low 28 water uptake cases, respectively, and highlight the large uncertainty present in the AOD from other global aerosol models (see Sect. S2 and Table S2 ).
Another important factor that will also influence the calculated AOD is the spatial resolution 1 of the simulated aerosol and RH (used to calculate aerosol water uptake) fields. These fields 2 are on a relatively coarse spatial resolution and will not capture small scale (sub-grid) AOD by ~10% in biomass burning regions (improving agreement with observations), which 10 may partly explain the larger discrepancies in AOD than PM2.5.
11
Errors may also exist in the model representation of biomass burning aerosol, for example in 
Small-scale fires 1
The GFED3 fire emissions are known to underestimate contributions from small-scale fires 2 (smaller than ~100 ha) that are below the detection limit of the global burned area product 
25
(2012) report that GFAS1 exhibits slightly longer fire seasons in South America than GFED3. GFED3 in this region.
18
We do not find an improved prediction of AOD with GFAS1 compared to GFED3 in this 
Scaling biomass burning emissions
21
In summary, a scaling factor of 1.5 applied to the FINN1 emissions is adequate for the model 22 to capture surface PM2.5 concentrations observed in regions of high fire activity in the
23
Amazon region. In contrast, the GFAS1 emissions require a larger scaling factor (closer to 3.4) for the model to capture surface PM2.5 observed at these sites.
25
The results of scaling the GFED3 emissions are more complex. Scaling GFED3 emissions by scaling factor of 1.5), resulting in the best overall match to observed AOD in these regions. In
10
Equatorial Asia the scaling required to capture observed AOD depends on the site location
11
(two sites require no scaling and two sites require a scaling factor of either 1.5 or 3.4).
12
For GFED3 emissions, scaling by a factor of 3.4 results in the best overall match to observed Asia (mean NMBF= 0.02).
25
We note that even with a scaling factor of 3.4 applied to the biomass burning emissions, the 26 model underestimates observed AOD at the African AERONET sites with all three fire 27 emission inventories (mean NMBF= -0.31). This may indicate that a larger scaling factor is 28 required to capture observations in this region. However, using a too high scaling factor is 29 likely to compensate for model error e.g. too efficient removal of aerosol or underestimation 30 of dust emissions, and therefore overestimate the contribution of biomass burning to AOD.
31
The potential for compensation errors with emission scaling is relevant for all three regions. Table S1 for location classifications), where a global model is unable to 5 capture sub-grid-scale urban emissions. 
Conclusions 7
We have used the GLOMAP global aerosol model evaluated against surface PM2.5 In South America where we have coincident surface PM2.5 and AOD observations,
24
underestimation of AOD is greater than underestimation of surface PM2.5 in some locations.
25
We suggest this discrepancy could be caused by errors in i) vertical profile of aerosol, ii) fires are required to understand and resolve these issues. We caution against using AOD to 31 scale emissions before these issues are fully understood.
Particulate emissions from biomass burning are very uncertain with previous studies 1 underestimating AOD in regions impacted by fires and scaling particulate emissions by up to 2 a factor of 6 to help match observations (see Table 2 ). For each emission dataset we ran two overall observed AOD is captured best either without scaling or with a scaling factor of 1.5.
17
A factor 1.5 scaling is within the uncertainty of emission datasets and is substantially smaller 18 than the emission scaling applied by many other studies (see Table 2 ). We also note that a 19 factor 1.5 scaling is within the uncertainty of assumed OM to OC ratios; we assume an work.
28
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